I. INTRODUCTION
Froth flotation is an important and versatile mineralprocessing technique in which the differences in physicochemical surface properties of particles from different minerals is used. By using flotation reagents it is possible to separate the valuable minerals from the rocky material called gangue. In reverse jotation the gangue is separated into the froth but in direcfjoration the minerals are transferred to the froth. An introduction to flotation can be found in El].
In both reversed and direct flotation it is important to control the levels of the flotation tanks, see [2] for an account on a multivariable LQ-controller for a flotation plant. The levels are controlled with valves on the outflow of each tank and to ensure that the controller is able to fulfill its performance requirements, a fault detection algorithm is needed to detect clogging of these valves in an early stage. Surveys of fault detection algorithms can be found in [3] , [4] and for nonlinear systems in particular in [5] , [6] .
State observers are commonly used and examples of state observers for nonlinear systems are the Extended Kalman Filter (EKF), [7] , [SI, the Constant Gain Em, [9] and the Extended Luenberger observer, [lo] . A survey of nonlinear state observers can be found in [l 11 and a table comparing different nonlinear observer approaches in [ 121.
In [13] , a two step algorithm for estimating valve parameters in a flotation plant is developed which can be used for detecting clogging. In the first step, an observer estimates the flow through the valves. The second step consist of a recursive estimation algorithm that uses the estimated flow from the first step to estimate a linear valve model. Drawbacks of this approach are that analysis regarding stability and robustness is not straightforward and that the valve model is restricted to be affine in the unknown parameters. The article is composed as follows. First, a description of the flotation process model is presented in section 11 followed by an identification algorithm of the valve parameters in section III. The next section (IV), treats the residual generation and is divided into two parts. In the first part, a short description of the valve parameter estimation technique in [13] is given and in the second part, an observer estimating the clogging is introduced. In section V, calculations and experimental results for a real flotation process is presented. Finally some conclusions are drawn in section VI.
FLOTATION PROCESS MODEL
The flotation process consists of cascade coupled tanks with control valves after each tank for the purpose of controlling the levels. The measured level in tank i is denoted h,(t) where i = l..n and n is the number of tanks. The input signals to the process is the valve control signals u Z ( t ) and the external inflows to the tanks qin,i(t). The levels are measured in meter and the inflow in m3/h. Figure 1 shows, as an example, a flotation process with four tanks. The continuous time model of the levels h(t) in the tanks can be described as a system of first order differential equations.
h(t) = F ( h ( t ) , 4 t h A G ( t ) ) + %i"(t)
(1) where h(t) E R", ACv(t) E R", u(t) E R", qin(t) E Simulations with the measurement data that are used in the experiments in section V have shown that the model ( 2 ) used with constants a l , . . . a4 provided by the manufacturer does not work well so the linearized model (3) is used instead. The valve parameters K and c have to be identified which can be done by using the Least-square method. Assuming no clogging, the flow through a valve i can be expressed as 
Iv. RESIDUAL GENERATION
The fault detection task is to achieve an automatic supervision system for clogging in the control valves. The problem consists of designing an observer to estimate the amount of clogging and construct thresholds that indicate when there is too much clogging in a valve.
Fault detection algorithms can generally be divided into two parts. First, a state observer or a parameter estimation algorithm is utilized to generate a residual which is supposed to be nonzero in case of fault and zero otherwise. Then, a threshoId is employed to take a decision if a fault is present.
In the sequel, a parameter estimation algorithm for clogging detection [13] is briefly recapitulated in section IV-A and a state-observer based approach is introduced in section IV-B. The estimates of the clogging area is used as residual and it is compared to a constant threshold. 
where . . . , Q are constants and d is the diameter of the the flows through the are generated.
shows
An estimate of the clogging area can be calculated as the difference between the valve opening obtained from the online estimated parameters ICi and & and the valve opening calculated by using parameters estimated off-line with e.g. the algorithm in section III.
which can be directly compared to the estimate A-C,, generated by the observer introduced in the next section.
B. Observer ging AC, of the valves is
The suggested observer structure for estimating the clog-
where L1, Lz E Rnxn are the observer gain matrices. The observer can also be written as
where E = [ L1 Other observer structures have been considered, such as the Em, [7] , [8] and the Luenberger like observer [16] . However, as will be shown later, the linear feedback term-is sufficient to stabilize the estimation error system since does not vary too much. An advantage with choosing the feedback term linear is that Thau's theorem [17] can be utilized to show stability of the observer. Different algorithms have been suggested of how to design the feedback gain L. In [9] a method based on the EKF is suggested and other approaches are described in [18] and 1191.
A definition of the Lipschitz condition is needed for the stability analysis of the observer.
Dejnition I : Assume the function @(.,U) is continuous in x and there exist a finite constant y such that for all X I , Z~ E X and U E U the inequality
holds where 11 . 11 denotes the euclidian vector norm. Then @ is said to be locally Lipschitz and y its lipschitz constant.
If X = Rn then it is said that the function CP is globally
Lipschitz.
A condition established by Thau [17] can be used to investigate the stability of the observer (4).
Theorem I : (Thau [17] ): Assume that the process is described by
If .(A, C ) is detectable and (7) where the matrices P and Q are symmetric and positive definite and satisfy the Lyapunov equation
It has been shown in 1201 that the ratio in (7) can be maximized by choosing the matrix Q = I .
To show stability by using Thau's theorem, the process has to be rewritten in the form of (5). In order to obtain a small value for the Lipschitz constant y, @(z, U ) is chosen as the higher order terms of a Taylor expansion of F(z, U ) . The function F(z, U ) is continuous and differentiable and thus also @(z,u) since
--a @ ( X 1 u ) -F Z ( z , u ) --(Ax) = F Z ( x , a ) -A
If inequality (7) is fulfilled then the observer is asymptotically stable and 2 + x as t --f 00 which implies that
v. EXPERIMENTAL RESULTS
Experiments have been carried out on data from Boliden's flotation series at the Boliden Area Concentrator, Sweden. This is a direct flotation process and consists of four tanks i.e. n = 4 and the only inflow is to tank one. Levels and valve control signals for all four tanks and the inflow are measured.
The flow qin into the process is around 200m3/h but is varying severely between 50m3/h -350m3/h.
Identification of the valve parameters using the presented algorithm from section In resulted in and the observer is then the lipschitz constant is y = 0.0287 and since the inequality (7) is thus fulfilled, the observer is shown to be locally stable. With the assumption that the level variations are f O . l m, the clogging can be allowed to be as much as 98 % before the stability limit, y = 0.0398 is reached. If the clogging is allowed to be 50 %, the levels can be allowed to vary 3~0.225 m while maintaining stability of the observer.
Two different working conditions exist, either the flotation process is controlled by a multivariable LQ-controller, described in [2], or by four separate PI-controllers. When the PI-controllers are used, the levels and the control signals vary extensively. An example of this can be seen in Figure  2 , which shows the level measurement in tank 2 for a time picture) and LQ control (lower picture).
The level measurement of tank 2 when using PI control (upper interval with PI-controller and another time interval when the LQ-controller is operating. The amount of clogging in a valve in a real process can not be measured in practice, so to investigate if the presented algorithm produces a satisfying result, a clogging has to be simulated. A clogging means that the actual valve opening is less than expected and can thus be simulated by adding a positive quantity to the control signal which gives total control of the fault. A reasonable assumption is that when clogging occurs it is a relatively slow process and then the valve control signal will increase as almost the only evidence of a clogging. In our experiment, a ramp has been added to the control signal of valve 2. The ramp rises 0.10 units starting at t = 4000 seconds and finishes at 14000 seconds thus imitating an increasing clogging in the valve. The modified and the unchanged control signal of valve two is shown in Figure 3 for an interval with the PI-controller and one with the LQ-controller in operation. The clogging estimate from the observer in section IV-B is compared to a constant threshold which is ten percent of the fully open valve area. There are more advanced methods then a constant threshold, for example statistical methods [22] and deterministic methods [4] , but this is to be a topic of future development of the clogging detection algorithm. Both working conditions are evaluated, Figure 4 shows the clogging estimation when the PI-controllers are used and Figure 6 when the LQ-controller is in operation. It can be noted that there is no false alarm in either of the conditions since no clogging estimate except for the clogged second valve exceeds the threshold. However, with the PI-controller, the estimates are closer to the limits so there is an imminent risk of false alarms. An interesting comparison is when using the observer based algorithm presented in section IV-B and the parameter estimation algorithm, [ is not relevant. What is more interesting is to see that the results from the two algorithms seem to be quite similar.
The final values of the estimated clogging areas seem to be fairly similar and even the behavior, compare Figure 4 to Figure 5 and Figure 6 to Figure 7 . It can also be noted that the recursive algorithm seems to be more sensitive to disturbances and produces false a l m s in valve 3 and 4, but this may be caused by poor tuning of the algorithm. Finally, it can be concluded that a robust threshold needs to be derived in order to decrease the risk for false alarms, independent of which residual generator that is used.
An advantage with the parameter estimation algorithm is that estimates of the valve parameters are obtained on-line which can provide information on other faults in the valve.
For the observer based approach two advantages may be pointed out. First, concerning the clogging estimation, the results are similar to the parameter estimation algorithm but the algorithm is more straightforward to analyze. Therefore, it is also very likely that designing a robust thresholds is easier. Second, changing to a more complex valve model, e.g. the nonlinear function (2), is simple.
VI. CONCLUSION
An observer based algorithm to estimate the amount of clogging in the valves of flotation processes is proposed and evaluated. This algorithm is also compared to a parameter estimation algorithm presented in [13] .
In the observer based approach, the observer consists of a nonlinear process model extended with integral action and corrected by a linear feedback term. Local stability of this observer is shown. The integral terms give estimates of the clogging which are compared to constant thresholds.
Experiments have been carried out with measurement data from Boliden's flotation series at the Boliden Area Concentrator, Sweden. The flotation process operates under This shows the same situation as in Figure 4 above but using the two different working conditions, either four separate PIcontrollers or a multivariable LQ-controller is used. The fault detection algorithms are shown to be effective for both working conditions but the risk of false alarms is higher when the PI-controllers are used since there are more variations in the levels in this case. The observer based algorithm is compared to a parameter estimation approach and both algorithms have similar problems regarding disturbances. Therefore, it is desirable to derive a robust threshold for evaluating the clogging estimate. This shows the same situation as in Figure 6 above hut using the
